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Abstract
Nearly every study dealing with temperature extremes underscores the lack of a universal and broadly usedmethod of identifying
such events. The most popular are relative methods, which are based on the empirical distribution of temperature at each location
(i.e., percentiles). The aim of this study was to evaluate the effects of the various percentile-basedmethods of defining hot days on
the analysis of their frequency of occurrence, trends, and geographic patterns in summer in Europe. The basis for the research
consists of daily maximum (TX) and minimum (TN) values of air temperature for 1961–2017 for Europe obtained from the E-
OBS database. A hot day occurs when air temperature exceeds the 90th percentile–based threshold. These thresholds are
determined using the following: (I) various temperature metrics (TX and TN), (II) various baseline periods (1961–1990,
1971–2000, 1981–2010), and (III) different timeframes within the year that the percentile is calculated for (summer season,
separate summer months, and each calendar day). Our results indicate that the use of different variants of the percentile-based
definition leads to differences in the geographic patterns of frequencies of and trends in summer hot days in Europe. The
differences are especially substantial within the results obtained using various temperature metrics and baseline periods, and
they are relatively small when different timeframes within the year that the percentile is calculated for are considered. On the
example of the case study, we also show how the use of different research approachesmay affect the intensity and spatial extent of
an extreme temperature event.
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1 Introduction
Extreme temperature events, hereinafter termed temperature
extremes, or days with extremely high or low air temperature
and their sequences, may have serious societal, agricultural,
economic, and ecological impacts. Long-lasting heat waves
are considered to be one of the natural hazards that are most
dangerous to human health and life; their effect on the increase
in morbidity and mortality has been shown in various regions
of the world (Xu et al. 2016). Research on the variability and
consequences of temperature extremes is very popular due to
observed changes in their frequency of occurrence (Fu-Min
et al. 2018). The lack of a generally recognized and used
definition, and what it entails, a method for the identification
of such events, is emphasized in almost every climatological
publication that delves into these issues (Perkins 2015). The
IPCC (2012) defines “a climate extreme (extreme weather or
climate event)” as “the occurrence of a value of a weather or
climate variable above (or below) a threshold value near the
upper (or lower) end of the range of observed values of the
variable.” In accordance with this definition, it is assumed in
climatological research that air temperature is “extreme”when
it reaches or is higher (lower) than an assumed threshold val-
ue. Temperature extremes that are so defined are amenable to
various types of statistical analysis, and it is possible to deter-
mine their various attributes, such as their frequency of occur-
rence, spatial range, and duration (Stephenson 2008).
The threshold, above/below which air temperature is con-
sidered to be extreme, may be determined in many ways,
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and the choice of the method depends on the research goal.
The simplest solution is to choose a constant absolute thresh-
old, which may be related to impacts. However, temperature
thresholds so determined are relevant in particular geographic
regions and in specified time periods only; their values change
with latitude and climate characteristics, and also depending
on the season of the year (Stephenson 2008; IPCC 2012). This
is the reason why relative thresholds became popular, espe-
cially those based on the empirical distribution of temperature
at each studied location, that is, on percentiles. This approach
ensures that a given part of air temperature observations (for
example, 10% if using the 90th percentile) is “extreme” by
definition. The advantage of this method is the possibility of
comparing results obtained in geographic areas with a differ-
ent climate and also in different seasons of the year.
Limitations include the fact that the frequency of occurrence
is assumed to be known and that extremes that are so identi-
fied are not necessarily “extreme” because of their impact
(Zhang et al. 2011; Ustrnul et al. 2012; IPCC 2012). This
method is recommended by the IPCC (2012) and WMO
(2009).
A very large number of percentile-based indices can
be found in the literature. These indices are based on various
percentiles, temperature metrics, and baseline periods; more-
over, percentiles are calculated for different timeframes within
the year, which makes comparing results difficult.
Temperature extremes are most often determined using per-
centiles ranging from the 90th to the 99th (for example,
Alexander et al. 2006; Moberg et al. 2006; Fischer and
Schär 2010; Lhotka and Kyselý 2015a; Hoy et al. 2017), al-
though the use of other percentiles, such as the 75th (for
example, Carril et al. 2008) or the 80th (for example, Della-
Marta et al. 2007b) may also be found. The choice of a rigor-
ous criterion, for example, the 99th percentile, increases the
probability of the identification of events of presumedly seri-
ous consequence to society and the environment. On the other
hand, an analysis of changes in the frequency of occurrence of
such events carries a considerable amount of uncertainty due
to their rarity (Zhang et al. 2011). Choosing a relatively lenient
criterion, for example, the 90th percentile, ensures selecting a
sufficiently large sample for analysis of changes with time;
however, it may come to light that relatively many “non-ex-
treme” events will be included in the research sample.
Therefore, the choice of percentile is often a compromise be-
tween having a sufficient number of cases and the level of how
extreme the cases really are (Perkins and Alexander 2013).
Warm temperature extremes are identified using either
maximum (TX), minimum (TN), or diurnal average (TG) air
temperature. Research in which relationships between warm
extremes and morbidity and mortality are considered often
takes into account indices based on TN because it is the events
during which TN remains high and does not allow humans to
recuperate that are the most severe for some populations (Xu
et al. 2016). In strictly climatological analyses, warm extremes
are increasingly often determined based on both TX and TN,
sometimes classifying them as “daytime” or “nighttime”
events, respectively (e.g., Busuioc et al. 2015; Efthymiadis
et al. 2011; Kažys et al. 2011; Spinoni et al. 2015). The phys-
ical basis for this discrimination is that diurnal extreme tem-
peratures are not necessarily related to the same physical pro-
cesses as extremes in nocturnal cooling. And so, for example,
Spinoni et al. (2015) distinguished “warm days,” based on
TX, from “warm nights,” based on TN, whereas Lavaysse
et al. (2018) identified “hot days” using TX and TN separately
and then finding their intersection (both TX and TN exceeded
the 90th percentile). Still another approach was presented by
Revich and Shaposhnikov (2008) who defined “extremely hot
days” using TG. On the other hand, in research where both
warm as well as cold extremes are considered, it is frequently
so that TX serves to determine the warm, whereas TN cold
extremes (e.g., Lhotka and Kyselý 2015b; Sulikowska et al.
2018).
Researchers use various baseline periods to determine
thresholds, above or below which air temperature is consid-
ered extreme. Baseline periods that are most frequently used
are as follows: 1961–1990 (e.g., Alexander et al. 2006;
Rusticucci et al. 2016; Hoy et al. 2017; Wypych et al. 2017),
1971–2000 (e.g., Spinoni et al. 2015; Sanderson et al. 2017),
and 1981–2010 (e.g., Russo et al. 2015). Other, less standard
periods are also used, and they often comprise the entire con-
sidered time period (e.g., Stefanon et al. 2012; Lavaysse et al.
2018; Tomczyk et al. 2018). According to the latest recom-
mendations of the WMO, the baseline period should be “the
most recent 30-year period terminating in a year ending with a
zero” (1981–2010 at the time of writing). Only in the case of
research areas focused on climate variability assessment and
climate change monitoring, which include research on the
temporal variability of temperature extremes, should the stable
baseline period of 1961–1990 be used (WMO 2017).
In some cases, percentile-based indices used by various
research teams may seem the same or similar because they
are based on the same percentile, temperature metric, and
baseline period. However, when one takes a closer look, it
comes to light that the percentiles were calculated for
different timeframes within the year. And so, for example,
Tomczyk and Bednorz (2016) and Sanderson et al. (2017)
calculated a percentile for an entire calendar year, Lhotka
and Kyselý (2015a) determined a percentile for the summer
season (JJA), and Revich and Shaposhnikov (2008) did it
separately for each summer month. Yet, another approach is
to determine a percentile for each calendar day separately
using an x-day-window-centered method. This method allows
taking into consideration the variability of air temperature
during the year. For example, Efthymiadis et al. (2011) used
a 5-day window, Della-Marta et al. (2007a) used a 15-day
window, and Stefanon et al. (2012) used a 21-day window.
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Seemingly, the same criterion (extreme TX = TX> 95th per-
centile) was used in every one of the cited studies, but the top
5% of diurnal maxima (TX’s) were identified out of samples
of different size and value range.
Attempts to compare different research approaches pertain
especially to one, special kind of temperature extreme, which
is heat waves. Smith et al. (2013) and later You et al. (2017)
have shown there are substantial differences in the frequency,
trends, and geographic patterns of heat waves in the USA and
China, respectively, which were defined with the use of 16
indices. A similar approach was used by Fenner et al. (2018)
who identified substantial differences in trends in heat waves
determined using 10 different definitions in 125-year-long da-
ta series from Berlin and Potsdam. Perkins and Alexander
(2013) focused on a comparison of trends in various charac-
teristics of heat waves determined with the use of the 90th
percentile of TX and TN in Australia and found that generally,
they are quite similar in both sign and spatial extent.
Nevertheless, there have not been any publications thus far,
which would be focused on the comparison of the definitions
of temperature extremes, which would be more basic on the
one hand, yet more multifaceted on the other hand. In this
context, “basic” would mean considering days with an ex-
tremely high air temperature, with no regard to the fact wheth-
er they form sequences (i.e., heat waves, warm spells). The
term “multifaceted” is to be understood as an attempt to eval-
uate how the analysis and results are influenced by a change in
the various components of a percentile-based definition.
Therefore, the aim of this study was to evaluate the effects
of the various methods of determination of percentile-based
thresholds on the frequency of occurrence, trends, and geo-
graphic patterns of summer hot days in Europe. More specific
research goals include an evaluation of the role of the use of
various temperature metrics as well as different baseline pe-
riods and timeframes within the year that the percentile was
calculated from.
2 Data and methods
The study is based on diurnal maximum (TX) and minimum
(TN) air temperatures in Europe in the years 1961–
2017 obtained from the E-OBS gridded dataset with a spatial
resolution of 0.5° × 0.5° (version 17; Haylock et al. 2008;
www.ecad.eu). In this dataset, TX and TN are defined as the
24h maximum and minimum, respectively (Lavaysse et al.
2018). In the analyses, only grid points without missing data
were used. Most analyses were conducted using TX, the avail-
ability of which is shown in Fig. 1. To highlight local charac-
teristics, particular attention was paid to the grid point with the
coordinates 20.25° E, 50.25° N, which is located in Central
Europe, in the vicinity of the city of Kraków, Poland (herein-
after referred to as “KRK”; Fig. 1).
A hot day is defined as a day on which air temperature
exceeds the 90th percentile of the local probability density
function (IPCC 2012). Analyses were performed for summer
(JJA) hot days in the period 1961–2017. Three different com-
ponents of a hot day definition were examined: temperature
metrics, baseline periods, and timeframes. The focus was kept
on an evaluation of the influence of different approaches on
the frequency of occurrence and trends of hot days with par-
ticular attention paid to spatial patterns. Trends were deter-
mined using the nonparametric Mann-Kendall test and their
statistical significance was assessed using Sen’s slope estima-
tor at the significance level α = 0.05 (von Storch and Zwiers
2003).
In the first part of the study, the role of using different
temperature metrics was evaluated. Hot days were identified
using TX and TN along with their intersection when both TX
and TN exceed the 90th percentile. The percentile was calcu-
lated for the period 1961–1990 using a 15-day window cen-
tered on each calendar day (explained below; Table 1). TG
was not used, as information on temperature conditions for a
24-h period that it provides was too general, and it is rarely
used in analyses of daily temperature extremes.
In the second part, the effects of different baseline periods
were examined. Hot days were identified using the 90th per-
centile of TX, calculated for WMO (2017) recommended and
most often used 30-year-long periods: 1961–1990, 1971–
2000, and 1981–2010 (Table 1).
In the third part of the study, different timeframes for per-
centile calculation were examined. The 90th percentile was
calculated using TX from the following: (I) the whole summer
(JJA), (II) seperate summer months, and for each calendar day
using (III) a 15- and (IV) a 5-day window-centered method. In
the case of a percentile calculation for each calendar day using
a 5-day window method, a probability density function was
computed for day X using temperature data for 30-year clima-
tology between X − 2 days and X + 2 days. One proceeds sim-
ilarly in the case of a time window of different sizes (Fischer
and Schär 2010; Stefanon et al. 2012; Perkins and Alexander
2013). The number of days the percentile was calculated from
was different in each of these approaches: 2760 days in the
case of a seasonal percentile, 900/930 days in the case of
monthly percentiles, and 450 and 150 in the case of two var-
iants of daily percentiles. The annual 90th percentile, that is
calculated using TX values from an entire calendar year, was
not included in the analysis, as it was close to the median of
TX for summer, and consequently reflected average, instead
of extremely warm, temperature conditions (Zhang et al.
2011). Higher annual percentiles were successfully used to
identify hot days by Tomczyk and Bednorz (2016) and
Sanderson et al. (2017), among others.
Intensity and spatial extent are undoubtedly some of the
most important attributes of hot days, which affect their sever-
ity and outcomes (Stephenson 2008; Horton et al. 2016). In
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the last part of the study, it was evaluated how the use of the
considered indices makes the spatial range and intensity of a
hot day different. This was accomplished on the example of a
heat event on August 31, 2015, in Central Europe (Hoy et al.
2017; Wypych et al. 2017). The spatial range (total area (TA))
was defined by the number of grid points where an extreme
temperature occurred, whereas intensity was characterized
using the cumulative temperature excess above the





where TX is the maximum daily air temperature, TX90 is the
corresponding 90th percentile, and N is the number of grid
points where TX > TX90 (based on Kyselý 2010 and
Wypych et al. 2017). A similarly developed formula was used
for TN. HDINT was not considered because it uses both TX
and TN, which made it impossible to calculate the total inten-
sity according to the formula above.
3 Results
3.1 Hot day occurrence
3.1.1 Temperature metrics
To determine hot extremes, the daily maximum (HDTX) as
well as minimum (HDTN) air temperatures may be used. The
average numbers of HDTN and HDTX in the considered area
are comparable, 14 and 12 hot days, respectively, but their
spatial distributions differ substantially (Fig. 2a, b). HDTN is
characterized by large spatial differentiation and by relatively
high values over southern Europe (up to 30 hot days per sum-
mer), while the geographical distribution of HDTX is much
less variable. The differences between the number of HDTN
and HDTX may be positive or negative, with the highest dis-
crepancy in the Mediterranean region (Fig. 3). When using
both temperature metrics, that is, when a hot day is defined
as a day when both TX and TN exceed the 90th percentile
(HDINT), the number of events is smaller by 50% and 55%
Fig. 1 Availability of diurnal TX values in the summer in Europe in the E-OBS gridded dataset, version 17, for the period 1961–2017
Table 1 Definitions of indices used to identify hot days, which were used in this study (details in the text)
Research phase
(section in the paper)
Definition component and its variants Index name Remaining components of definition
1 (Section 3.1.1.) Temperature metrics TX HDTX 90th percentiles calculated for the period 1961–1990
using a 15-day window centered on every calendar dayTN HDTN
TX and TN intersection HDINT
2 (Section 3.1.2.) Baseline periods 1961–1990 HD61 90th percentiles of TX, calculated using a 15-day window
centered on every calendar day1971–2000 HD71
1981–2010 HD81
3 (Section 3.1.3.) Timeframes Seasonal HDS 90th percentiles of TX, calculated for the period 1961–1990
Monthly HDM
Daily: 15-day window HDD5
Daily: 5-day window HDD15
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than HDTX and HDTN, respectively (Fig. 2c). This means that
about half of threshold exceedances by TX (TN) are associat-
ed with threshold exceedances by TN (TX).
3.1.2 Baseline periods
It may be expected that temperature thresholds determined for
each subsequent baseline period will be higher due to climate
warming. However, this is not always the case. Daily thresh-
olds determined at KRK for the 1971–2000 period are nearly
the same as those for the oldest baseline period for 14% of
summer days, or even lower, for 17% of summer days (Fig. 4).
This is due to the high frequency of cold summers in Poland in
the years 1971–2000 (Wypych et al. 2017). As seen in Fig. 4,
the daily pattern of the 90th percentile changes significantly
from one baseline period to another, both in terms of the
Fig. 2 The average number of hot days in the summer during the period 1961–2017 identified using the indices: aHDTX, HD61, and HDD15, bHDTN, c
HDINT, d HD71, e HD81, and f HDS
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magnitude of threshold values as well as the moment of oc-
currence of their maxima and minima.
The number of hot days calculated for the baseline period
1961–1990 (HD61) and that calculated for 1971–2000 (HD71)
is greatest for Southern Europe, whereas hot days determined
using the baseline period 1981–2010 (HD81) occur most fre-
quently in northern regions (Fig. 2a, d, e). The average num-
ber of hot days ranges from 5 to 8 at a minimum and from 13
to 21 at a maximum, depending whether HD61 or HD71 or
HD81 is considered. As expected, due to climate warming, in
most of Europe, the average number of hot days is greater
when an older baseline period, and thus lower threshold, is
used. However, it is the other way around in some areas,
primarily in the North (Fig. 2a, d, e). These are the effects of
regional TX variations during baseline periods, as shown in
the KRK example above. Sometimes, as in the Kola Peninsula
in Russia, the older the baseline period, the higher the
percentile-based threshold. Consequently, in this region, the
average number of hot days increases when a younger base-
line period is used (Fig. 2a, d, e).
It follows from the assumptions of the method that in the case
of using a given percentile based on a given baseline period, the
frequency of events is the same regardless of considered geo-
graphic area. Meanwhile, differences within Europe are
substantial (Fig. 2a, d, e). The spatial variation of the frequency
of hot days is a consequence of the spatial distribution of tem-
perature during both the baseline period and beyond it.
Temperature conditions during the baseline period determine
spatial variation of thresholds necessary to be exceeded to
qualify a given day as a hot day. On the other hand,
temperature conditions before and after the baseline period
bring high or low numbers of threshold exceedances in each
given geographic region. The spatial variation of hot days is
also affected by the occurrence of air temperatures that are
exactly equal to the threshold value, as noted in Zhang et al.
(2011) and elsewhere.
3.1.3 Timeframes
The choice of timeframe for percentile calculation is deter-
mined by the events one is interested in. In order to illus-
trate the properties of the four indices considered here, the
total number of hot days determined on each summer day
at KRK along with 90th percentile-based thresholds is
shown in Fig. 5. A constant value of the seasonal percentile
(Fig. 5a) causes that the greatest number of HDS is found in
the warmest time of the summer. This works similarly in
the case of monthly percentiles, but the greatest number of
events occurs in the warmest part of each month (Fig. 5b).
Only daily percentiles reflect air temperature variability
within a season and owing to this, the number of hot days
during summer keeps fluctuating around some value
(Fig. 5c, d). The principal difference between them is the
magnitude of day-to-day variability, which is larger in the
case of the threshold based on a 5-day window than a 15-
day one (Fig. 5c, d).
The differences described above are not observable in the
spatial distributions of hot days, which reveal very similar
geographical patterns for all indices in this group. For this
reason, only results for hot days distinguished using the sea-
sonal percentile (HDS) and for those based on percentiles cal-
culated for each calendar day using a 15-daywindow-centered
method (HDD15) are presented in Fig. 2. On average, 12 hot
days occur every summer over the entire studied area, and
their number fluctuates from 7–8 to 20–21, depending on
the index used (Fig. 2a, f). Generally, the differences are larg-
est between HDS and other indices; however, they rarely ex-
ceed 1 day and reach 3 days at most.
Fig. 3 Differences in the average number of hot days in the summer
during the period 1961–2017 identified using the indices HDTX and
HDTN
Fig. 4 Time series of the 90th percentile of TX in summer determined
using a 15-daymoving window centered on every calendar day at the grid
point KRK for three periods: (I) 1961–1990, (II) 1971–2000, (III) 1981–
2010
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3.2 Long-term trends
Differences between the examined indices are readily observ-
able in temporal variability analysis. The number of hot days
identified using TN and TX and their intersection is charac-
terized by growing trends in a greater part of the considered
area; however, their rates of change and spatial distribution are
significantly different (Fig. 6a, b, c). HDTN is characterized by
the highest and HDINT by the lowest maximum growth rates
(14 and 5 hot days per 10 years, respectively). Spatially, the
rate of change of HDTN varies the most, while the rate of
change of HDINT varies the least. In the case of HDTN, 99%
of trends are positive, and 92% are increases that are statisti-
cally significant (Fig. 6b). Growth trends in HDTX and HDINT
account for 86 to 87%, but in the case of the latter, the share of
statistically significant increases is larger (Fig. 6a, c).
Differences in trends of HDTN and HDTX do vary
geographically reaching 14 hot days per 10 years, with regions
of higher rates of change, for either HDTN or HDTX. The
increase rate of HDINT is typically slower than those of
HDTX or HDTN. A decreasing trend of HDINT occurred at
one grid point only. In the case of HDTN, there were nine such
isolated points, whereas HDTX decreased in several small
areas in Europe (2.4% of grid points), although the changes
are mostly not significant. Therefore, trends in these geo-
graphic areas are of opposite sign—depending onwhich index
is used (Fig. 6a, b, c).
In the case of indices based on percentiles calculated
over different baseline periods, the spatial distribution of
trends is generally similar (Fig. 6a, d, e). Along with the
use of later baseline periods, the share of grid points de-
creases, in which the number of hot days increases and
vice versa. In the case of positive trends, generally, the
later the baseline period, the slower the rate of change.
This results directly from climate warming and the fact,
that air temperature distribution is close to normal. The
same rate of warming results in a larger increase in the
number of hot days identified using lower thresholds (i.e.,
older baseline periods), which are closer to the median of
the temperature distribution, than those determined using
higher thresholds (i.e., more recent baseline periods),
which are closer to the end of the distribution tail. The
area where no changes are observed increases along with
the use of later baseline period (Fig. 6a, d, e). No
grid points were found, at which trends have a different
direction depending on the index used.
Spatial distributions of trends in the number of hot
days based on percentiles computed over different
timeframes are very similar (Fig. 6a, f). The share of
positive trends comprises 85 to 87%, while statistically
significant trends include 59 to 61% of all grid points.
Decreasing trends comprise 2 to 3% and in individual
cases they are statistically significant. Differences in the
growth rate of the number of hot days between the
considered indices mostly do not exceed 1 hot day per
10 years. There are only a few grid points which are
characterized by different directions of change depend-
ing on which index is being used.
3.3 Extreme temperature event on August 31, 2015
To assess the influence of different indices on those attributes
of hot days which primarily affect their impacts, a case study
focusing on total intensity (TI; °C) and total area (TA; number
of grid points with threshold exceedance) of a hot day is pre-
sented. These attributes are considered for all the indices ex-
amined in this paper (except HDINT, see Section 2).
On August 31, 2015, the maximum air temperature (TX) in
Europe was highest in its central part and exceeded 34 °C in
Fig. 5 Total number of 90th percentile exceedances calculated for each
summer day in the period 1961–2017 depending on the index used: a
HDS, b HDM, c HDD15, and d HDD5 at the grid point KRK
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the area extending from the eastern border of Germany to
Western Ukraine and from Central Poland to Northern
Bulgaria, excluding the mountain areas (Fig. 7a). It was hot-
test in the Balkans, where TXwas over 37 °C. Daily minimum
air temperature (TN) in Europe was highest in the southern
part of the continent, exceeding 20 °C in Spain and Italy, and
also in the Balkans and on the eastern coast of the Black Sea
(Fig. 7b). TN was mostly 16–18 °C in the central part of the
continent.
Most considered methods, and actually all based on TX,
indicate that the extreme temperature event occurred primarily
in Central Europe (Fig. 8). In the case of indices based on
Fig. 6 Trends of the number of hot days in summer in the period 1961–2017 (hot days per 10 years) determined using the indices: a HDTX, HD61, and
HDD15, b HDTN, c HDINT, d HD71, e HD81, and f HDS
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different temperature metrics, the differences primarily pertain
to the area of the occurrence of extremely high temperature
and TI. When HDTX is used, the area affected by the extreme
temperature is compact, i.e., the entire region of Central
Europe experienced a high temperature excess which de-
creased towards the edges. As minimum air temperature is
more sensitive to local conditions, the spatial extent of
the extreme temperature event spreads out more. TI, which
in total is over 40% lower in the case of HDTN in comparison
with HDTX, is spatially variable (Fig. 8b). A comparison of
indices based on different baseline periods confirms previous
observations—differences between HD61 and HD71 are small
(Fig. 8a, c), whereas TI and TA for HD81 are lower, being 82–
87% of what was obtained with the use of older baseline
periods (Fig. 8d). Among indices based on percentiles calcu-
lated over different timeframes, the results for HDS are slightly
higher than those for HDM (Fig. 8e, f). TI and TA values
obtained for both HDS and HDM are 59–74% of what was
obtained for indices based on daily percentiles (Fig. 8a, e,
f, g). The differences between the latter are not substantial,
but TI and TA are higher in the case of HDD5. Of course, it
should be emphasized that the relationships between the ob-
tained results are not constant and they may look completely
different if an extreme event occurring in another part of the
season is considered.
4 Discussion and conclusions
It has been demonstrated in this paper that the use of different
determination methods affects the analysis of the frequency,
trends, and variability of extreme temperature events. This
was accomplished on the example of hot days in summer in
Europe in the years 1961–2017. Hot days are defined as days
on which air temperature exceeds the 90th percentile of the
local probability density function. Three groups of indices
were established based on several variants of the hot day def-
inition, i.e., by employing various temperature metrics, base-
line periods, and timeframes for a percentile calculation. The
comparison of results obtained within these groups leads to
the conclusion that a change in any component of a definition
of a hot day has an effect on climatological analyses; however,
the importance of these effects varies depending on the com-
ponent modified. Nevertheless, all indices reveal similar cli-
mate signals, which are shifts towards warming. On the ex-
ample of the studied event, it was also shown that the use of
different variants of the definition results in a different severity
of an event, expressed via its intensity and geographical
extent.
Naturally, the choice of temperature metric used to identify
extreme events depends on the goal of the research being
performed, and the comparison discussed herein is designed
to serve the purpose of the evaluation of differences in results
for reference only. The differences between the indices based
on TX, TN, and their intersection are in the average number of
hot days, strength and statistical significance of trends, and
their spatial variability. The only fixed relationship is the fact
that the number of hot days, as determined with the use of the
TX and TN intersection, is always about one-half of the num-
ber of hot days identified with the use of TX or TN separately.
This is consistent with results obtained by Lavaysse et al.
(2018) who showed that the number of hot days identified
using the 90th percentile of TN and of TX in Europe in the
years 1995–2015was almost the same, whereas the number of
hot days identified with the use of an intersection of TN and
TXwas less than half as many. It would be rather futile to look
for rules in the remaining cases, because for indices based on
TX and TN, the average number of hot days is either higher or
lower and the strength, and even the trend direction, is
different depending on the region of Europe that is
Fig. 7 Diurnal a maximum and b minimum air temperatures in Europe on August 31, 2015
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investigated. This explains why Fenner et al. (2018) discov-
ered that positive trends in heat waves in Berlin were twice as
high for an index based on TN in comparison with that based
on TX and, on the other hand, Croitoru et al. (2016) found that
Fig. 8 Spatial extent (total area, TA) and intensity (total intensity, TI) of the extreme temperature event of August 31, 2015, shown with the use of
different research approaches. Abbreviations explained in Table 1
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an increase in the frequency of heat waves in Romania was
more rapid when they were defined using TX instead of TN.
If indices based on different baseline periods, namely
1961–1990, 1971–2000, and 1981–2010, are considered, it
has been shown that usually, although not in every region of
Europe, the use of an older baseline period results in a higher
average number of hot days and a higher rate of change in
their frequency. While rather similar results are obtained for
indices based on two older periods, the index based on the
most recent one is characterized by a relatively small average
number of hot days, by different spatial distributions, and by a
substantially slower increase rate in their frequency of occur-
rence. This is a direct effect of warming, as percentile-based
thresholds determined using this period are relatively high and
they rarely exceeded during the entire study period. On the
example of the grid point “KRK” located near Kraków,
Poland, it has been shown how general warming and temper-
ature conditions during baseline periods affect percentile-
based thresholds. Similar patterns were obtained by Croitoru
et al. (2016) at some Romanian weather stations; likewise, at
KRK, the latest considered baseline period was clearly warm-
er than the others, and the largest differences between thresh-
olds reached 2.3 °C at KRK and 2.0 °C in Eastern and
Southeastern Romania.
It has been shown that differences in results obtained with
the use of percentiles calculated for different timeframes with-
in the year are relatively small. The spatial variability of the
average number of hot days and also geographical patterns of
trends including their direction, strength, and statistical signif-
icance are highly comparable among the indices in this group.
Differences become apparent in analyses of the distribution of
the number of hot days within a season. As shown in the case
study, this results in a different intensity and spatial extent of a
temperature extreme event, depending on a chosen index and
the summer day considered. The advantage of thresholds
based on daily percentiles over seasonal and monthly ones is
that they are relevant for any part of the season/year. As a
result, they enable to identify temperature extremes through-
out the whole year without sudden changes in the threshold
values at the turn of seasons or months. A 5-day window is the
basis for indices developed by the Expert Team on Climate
Change Detection and Indices (ETCCDI) (for details, see
Alexander et al. 2006); however, as has been shown, the
threshold determined with the use of this window is charac-
terized by relatively high day-to-day variability. This may be
the simple reason why many researchers choose to use a win-
dow of larger size, for example, a 15-day window (for exam-
ple, Della-Marta et al. 2007a; Fischer and Schär 2010; Perkins
et al. 2012).
It has been repeatedly emphasized in climatological studies
that the broadly accepted definition of a temperature extreme
is very general and that there is a huge number of indices for
the analysis of such events. The indices used are based on
different research approaches, and the decision to use a given
variant of the definition is frequently related to impact groups
or sectors considered. Nevertheless, sometimes, researchers
are interested in an analysis of the climatology of extremes
in itself, which means multiannual variability and trends. In
each case, one should be aware of the implications of the use
of a given research approach, including its potential and lim-
itations, to avoid misinterpretation of research results.
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